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Abstract 
This study developed an artificial filter bank (AFB) that emulates the auditory system in order to efficiently obtain the significant 
dynamic responses. The developed AFB is composed of digitally coded band-pass filter optimizing algorithm (BOA) and peak-
picking algorithm (PPA). The developed AFB was then optimized using the random El-Centro earthquake wave, which is often 
used in structural dynamic studies, and the reconstructed signal and compressed signal were compared to the original signal using 
the reconstruction error (ܴܧ) and compressive ratio (). The AFB developed, designed, and evaluated in this study adequately 
captures the time and frequency information of the original signal while capturing the significant dynamic response compressed 
about the frequency range of interest. Also the digitally developed AFB overcomes the shortcomings of conventional analog filter 
banks, supporting for quick and easy software-based implementation of new logics, optimizations, and designs. Ultimately the 
AFB developed in this study is expected to provide new paradigm in the structural health monitoring of construction structures as 
well as other structures.   
© 2015 The Authors. Published by Elsevier Ltd. 
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1. Introduction 
For a successful of structural health monitoring, it is very important to measure significant dynamic (acceleration) 
responses of structures in real time [1-2]. The dynamic responses require larger bandwidth per channel than the static 
responses do, and this can increase the cost due to a need of installing and maintaining a large-sized database [3-4]. If 
data start to overflow due to the increased number of channels, the S-SHM system cannot function well and achieve 
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its original goal in the structural health monitoring. Eventually in order to improve speed of computation and capacity 
of data storage, the performance specification of the wireless sensors need to be brought up to match that of the high 
performing personal computers[5-6]. Also, when transferring large-sized dynamic response data using WSNs, data 
can be lost and delayed due to a bottleneck in the network bandwidth [7-8]. Commonly used network types are 
Bluetooth, Zigbee, and Wi-Fi, but each of these networks has its own pros and cons in terms of the transmission range, 
transmission bandwidth, and the number of extensible channels [9-11]. To achieve a satisfactory real time SHM for a 
large structure, the RF performance must have a long range, a high bandwidth, and multiple channels, but there is no 
communication method that can satisfy all three. So far, the WSNs have been designed by adequately selecting and 
tuning the traditional network communication [5-6]. However if you could turn the perspective around, you could 
work around the limitations of the traditional wireless communication by compressing the raw signals at a time of 
acquisition [12-13]. So in order to safely obtain the dynamic responses of a structure using WSNs, first, sensors need 
to be developed to match the performance specifications of high performing personal computers, and secondly a data 
compressing technique is required to efficiently acquire and transmit the significant dynamic responses. 
This study proposes a new data compressing technique based on a digital method. Also an artificial filter bank 
(AFB) based on a band-pass filter optimizing algorithm and peak-picking algorithm was developed in order to filter 
for the significant range of dynamic responses and efficiently compress filtered results. The developed AFB was 
optimized using the El-Centro earthquake wave often used for studies in the field of construction. Lastly, the 
developed AFB was validated quantitatively by evaluating the effectiveness of signal reconstruction and compression 
via calculation of reconstruction error () and compressive ratio (). In the end, the AFB developed in this study 
is shown to adequately capture necessary time and domain information of the raw signals while acquiring a significant 
range of the dynamic responses compressed about the frequency range of interest. The developed AFB was superior 
to the traditional filter banks in obtaining the dynamic responses of structure in the aspects of technology, economy, 
and efficiency, and it opens up a possibility for a new paradigm in the real time measurement, transmission, and 
processing of structural responses for structural health monitoring in the future. 
2. Artificial filter bank (AFB) for measuring Structural Dynamic Response of Civil Structure 
Usually A filter bank as defined in the field of signal processing is among an array of band-pass filters designed to 
filter and output only a particular range of input signals. A filter bank performing such decomposing and composing 
of signals can be designed according to the designer's purpose and interest. The more band-pass filters and the closer 
their spacing, the closer the output signals to the input signal. However, a greater number of band-pass filters mean 
less efficiency in computation and processing, which eventually requires further optimization of the filter-bank. For 
an optimal number, the bandwidth and spacing of band-pass filters are considered as main design factors. Basically, 
filter bank optimization is to satisfy the three design factors for a predetermined input signal via repetitive and 
numerical computations. Based on many design factors and conditions, this study developed an AFB using a band-
pass filter optimizing algorithm (BOA) for filter bank configuration, and also a peak-picking algorithm (PPA) for data 
compression. Fig. 1 is the conceptual diagram of the AFB developed in this study for obtaining dynamic responses of 
structures. 
G
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G
Fig. 1. Concept of artificial filter bank (AFB). 
2.1. Band-pass filter optimizing algorithm (BOA) 
The AFB developed in this study requires a paralleled configuration of multiple band-pass filters to make it 
appropriate for evaluating the target mode to effectively attain the structural dynamic (acceleration) responses of a 
structure. Such a filter bank selects the signal components of a specific frequency range from the input signal or the 
raw data with a larger spectrum of frequency, and filters them into separate bands. For the configuration of a filter 
bank, the number, bandwidth, and spacing of band-pass filters need to be determined. In this section, a band-pass filter 
optimizing algorithm (BOA) is developed for optimizing the filter bank and determining the three design factors. The 
computation processes of developing a BOA are as follows: First, choose the frequency range necessary for evaluating 
the target mode. Second, assume the number of band-pass filters based on the selected frequency range. Third, 
determine the filter bandwidth and center frequency spacing based on the assumed number of band-pass filters. Fourth, 
calculate the reconstruction error () and compressive ratio () based on the determined bandwidth and spacing 
of the band-pass filter. Last, adjust the number of filters based on the calculated  and . The reconstruction error 
is the comparative difference between the composition of filtered signals and the original signal as expressed in 
Equation (1) and the graphs in Fig. 2 
 
 
Fig. 2. Concept of Reconstruction Error (RE). 
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2.2. Peak-picking algorithm (PPA) 
As mentioned earlier, both selective filtering and compressive techniques are required to efficiently obtain the 
dynamic response of structures based on WSNs. In this section, a peak-picking algorithm (PPA) was developed in 
order to reduce the size of attained data, while still including the dynamic characteristics within the frequency range 
of interest. The developed PPA extracts peak values from the reconstructed signal, but not the raw data where peak 
values are extracted, and not from each decomposed signal, but from the reconstructed signal that combines the 
decomposed signals. This significantly reduces the computation process. The computation processes of the developed 
PPA are as follows: First, read the reconstructed signals determined during the first step of the AFB. Second, divide 
the reconstructed signals into three data sets. Third, calculate the derivative of each data set. Fourth, extract the peak 
values by evaluating the slopes of data set derivatives. Last, resample the extracted signals with the time information 
of peak values. In this study, a central difference method is used to extract peak values during the computation process 
of PPA. Fig. 3 shows the concept of central difference while the derivative is calculated using Equation (2). 
 
 
Fig. 3. Concept of central difference Method.G
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The compressive effectiveness can be determined by comparing the size of the resampled compressed signal based 
on peak values extracted using Equation (2) and the reconstructed signal determined by Equation (1). The compressive 
effectiveness can be evaluated using the compressive ratio () in Equation (3) 
 
 ൌ  ேௌ೎ேௌ೚G G G G G G G G G G (3)G
Where, ܰܵ௖  is the number of samples of the compressed signal, and ܰܵ௢ is the number of samples of the 
reconstructed signal. The closer the  is to zero, the better the compressive effectiveness. 
3. Optimizing Design of artificial filter bank (AFB) using an El-Centro Earthquake wave 
An AFB was developed in Section 2 to efficiently obtain the dynamic responses of structures. In this section the 
developed AFB is optimally designed for random signals, and its performance and validation are evaluated from a 
numerical simulation of optimum AFB. Earthquake signals such as El-Centro, Kobe, and Northridge are major random 
signals used in the field of construction. Such random signals are considered and applied as sudden shock events 
during design, construction, and maintenance of a structure. This study chose El-Centro earthquake wave as the input 
signal to numerically evaluate the performance of the developed AFB. Fig. 4 shows the time and frequency responses 
of El-Centro used as the input signal.G
If the earthquake in Fig. 4 is assumed the dynamic response the structure is measured over the frequency spectrum 
of the random earthquake, including the natural frequency of the structure. For structural health monitoring, it is 
necessary to find the natural frequency of the structure included in the random frequency. The target mode required 
for structural health monitoring can be limited to a specified frequency bandwidth below 10Hz because the seismic 
behaviors of large-scale structures are usually low frequency. Therefore, the frequency range of interest is selected 
below 10Hz for BOA of the AFB where the number of band-pass filters is also assumed to be 10. The frequency range 
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of interest selected here applies to existing large-scale structures in general, and the number of band-pass filters is 
arbitrarily selected because it is to be optimized during the computation process of BOA later. 
 
G
(a) G
G
(b) G
Fig. 4. El-Centro earthquake wave for raw sgnal of AFB. (a) time domain; (b) frequency domain.G
Table 1 and Fig. 5 are reconstruction errors () calculated using Equation (1) while considering the assumed 
band-pass filter number is 10 and the selected frequency range of interest is below 10Hz. Reconstruction errors are 
calculated for 100 cases by increasing the bandwidth and spacing of band-pass filters by 0.1Hz between 0 and 1Hz. 
Table 1 Reconstruction error(RE) for a filter bank with 10 filters 
G Bandwidth of filters (Hz)G
Filter  
spacing  
(Hz)G
 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 
1.0 - 0.19930 0.16497 0.13378 0.10931 0.09347 0.08713 0.09036 0.10278 0.12373 0.15250 
0.9 - 0.19515 0.15896 0.12816 0.10692 0.09705 0.09893 0.11214 0.13588 0.16920 0.21118 
0.8 - 0.19374 0.15711 0.12810 0.11125 0.10870 0.12073 0.14650 0.18474 0.23406 0.29320 
0.7 - 0.18970 0.15631 0.13387 0.12719 0.13762 0.16462 0.20688 0.26290 0.33124 0.41053 
0.6 - 0.18396 0.14814 0.13360 0.14171 0.17114 0.21986 0.28583 0.36719 0.46229 0.56957 
0.5 - 0.18357 0.14861 0.14443 0.17345 0.23217 0.31612 0.42141 0.54484 0.68378 x 
0.4 - 0.19240 0.17890 0.21053 0.28428 0.39277 0.52962 0.68971 x x x 
0.3 - 0.19745 0.21661 0.29817 0.42797 0.59387 0.78741 x x x x 
0.2 - 0.23026 0.29689 0.42203 x x x x x x x 
0.1 - 0.25073 x x x x x x x x x 
0.0 - - - - - - - - - - - 
From Table 1, the reconstruction error is minimized at a bandwidth of 0.6Hz and spacing of 1.0Hz for the filter bank 
with an initial filter bank number of 10. Selected bandwidth and spacing are determined as the optimal condition for 
BOA. Next, Fig. 5 is the comparison between the reconstructed signals and the original signals for the optimal 
condition determined in Table 1. Fig. 5 shows that the reconstructed signal sufficiently describes the original signal. 
The above result shows that the initially selected frequency range of interest and the number of band-pass filters are 
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sufficient for the description of the original signal, and that the determined bandwidth and spacing are optimal. 
 
Fig. 5. Original signal vs. reconstruction signal (10 filters (assume), 0.6 bandwidth, 1.0 spacing). 
This study also developed a PPA that extracts peak values of the reconstructed signal in order to reduce the size of the 
measurement data in real time. Next, Fig. 6 shows the compressed signal of the reconstructed signal using Equation 
(2).G
 
Fig. 6. Original signal vs. reconstruction signal vs. compressive signal. 
Fig. 6 shows that the compressed signal extracts the peak values of the reconstructed signal. The sample data size 
of the compressive signal is 424, giving compressive effectiveness of approximately 84% from the reconstructed 
signal, with a sample data size of 2500.G
As a last step in the optimum design of the AFB, this study determined the number of band-pass filters based on 
the optimally selected bandwidth (0.6Hz) and spacing (1.0Hz) of the band-pass filters. The reconstruction error and 
compressive ratio were calculated against the different number of band-pass filters. The calculated RE and  are 
shown in Fig. 7, and the results are tabulated in Table 2 along with peak-picked values. 
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Fig. 7. Optimization of number of filters (Reconstruction error (RE) vs. Compressive ratio (CR)).G
Table 2 Optimization of number of filters (Reconstruction error (RE) vs. Compressive ratio (CR)) 
No. of 
Filters 
1 2 3 4 5 6 7 8 9 10 
11 12 13 14 15 16 17 18 19 20 
RE 
0.2108 0.1997 0.1792 0.1571 0.1366 0.1289 0.1222 0.1072 0.0965 0.0871 
0.0808 0.0732 0.0694 0.0650 0.0605 0.0545 0.0516 0.0489 0.0473 - 
CR 
0.1000 0.0952 0.0992 0.1080 0.1160 0.1248 0.1368 0.1480 0.1600 0.1696 
0.1768 0.1872 0.1944 0.2000 0.2008 0.2040 0.2008 0.2056 0.2136 - 
No. of 
P-p’s 
250 238 248 270 290 312 342 370 400 424 
442 468 486 500 502 510 502 514 534 - 
 
Fig. 7 shows that  and  have an inverse relationship, and the optimum number of band-pass filters are 
determined to be 6, where the relative difference between RE and  is at a minimum. Also Table 2 shows that the 
size of the compressed data with band-pass filter number 6 is 312, which gives more efficient compression 
effectiveness compared to compressed data size 424 of the initially assumed band-pass filter number 10. Conversely, 
the reconstruction effectiveness becomes slightly decreased.  
G
 
Fig. 8. Original signal vs. reconstruction signal (6 filters, 0.6Hz bandwidth, 1.0Hz spacing). 
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Fig. 9. Original signal vs. reconstruction signal vs. compressive signal (6 filters, 0.6 bandwidth, 1.0 spacing). 
The reconstructed signals produced under the optimum conditions are shown in Fig. 8. The reconstruction error 
increases by 48% from that of the band-pass filter number 10 as seen in Table 2, but Fig. 8 shows that the reconstructed 
signal of the optimum conditions still satisfactorily capture the original signal. Utilizing the validated PPA, the data 
is compressed for optimal condition and illustrated in Fig. 9, which shows that the compressed signal is accurately 
extracting only the peak values of the reconstructed signal. 
For structural health monitoring, capturing the original signal by the reconstructed signal and compressed signal in 
frequency domain must also be considered along with the responses in time domain. In other words, the compressed 
signal by the PPA must contain the data from the target frequency range while compressing the measurement data by 
extracting peak values from the reconstructed signal. G
To validate this, Fig. 10 plots the frequency response of the reconstructed signal from the BOA and compressed 
signal from the PPA. It shows that the reconstructed signal sufficiently captures the data of the original signal within 
the target range of frequency. It also shows that the compressed signal sufficiently captures the original signal in the 
frequency domain of interest. From this it can be concluded that the optimally designed AFB using a BOA and PPA 
can efficiently attain the dynamic responses of structures, while it is also numerically validated that the reconstructed 
signal and compressed signal all contain the necessary original signal data in both time and frequency domain. 
 
 
 
G
Fig. 10. Original signal vs. reconstruction signal vs. compressive signal (6 filters, 0.6Hz bandwidth, 1.0Hz spacing). 
4. Conclusions 
This study developed an artificial filter bank using a digitally implemented band-pass filter optimization algorithm 
(BOA) and a peak-picking algorithm (PPA), and also evaluated it via a numerical simulation in order to efficiently 
obtain the significant dynamic (acceleration) responses in real time for structural health monitoring of structures. The 
developed AFB was optimized using the El-Centro earthquake wave, and the reconstruction error ( ) and 
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compressive ratio () of the filtered signal were used as performance indicators. The following could be concluded 
from the numerical simulation results of the developed AFB: 
1. The band-pass filter optimization algorithm of developed AFB was effective in selecting only a region of 
interest from a wide frequency range of random signals. The AFB was optimized for a frequency range of 
interests less than 10 Hz using the random El-Centro earthquake wave, and it was able to be used for acquiring 
the dynamic responses of large structures. 
2. The peak-picking algorithm of the developed AFB was effective in compressing data by selectively resampling 
the peak values that contain significant modal information. The data compressing technique was able to be 
used for efficient operation and management of the database of measurements since it tackled the problem of 
limited bandwidth in wireless communication. 
3. Specially, the developed AFB was designed digitally with a high-level language coding contrary to the 
traditional analog types. Therefore the design methods of the filter bank were intrinsically different from those 
of the analog method. The developed technology enables a flexible reconfiguration of necessary logic and 
functions, and its reusability is advantageous in the sense of economy and efficiency. 
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